Introduction
Proteins are inherently flexible macromolecules and they undergo various conformational changes in a wide range of amplitudes and timescales to exert their functions. This is of particular importance for protein -ligand interactions [1, 2] . The flexibility and conformational changes of both the ligand and the receptor occurring upon binding must be taken into account to correctly estimate the thermodynamics of the binding reaction [3] .
Following the complexity to consider the conformational changes of bound and unbound states of the system, structure-based drug design studies often neglect these phenomena by using a static representation of the protein target. In order to overcome this important drawback protein flexibility has been integrated into ligand docking and structure-based virtual screening [4, 5] in various ways, including side-chain flexibility [6, 7] soft docking, induced fit [8, 9] or conformational ensemble-based docking [10, 11] . A correct incorporation of protein dynamics for drug design is still a difficult task. It has been shown that in many cases including protein flexibility may lead to higher rates of false positives as a large number of putative ligands can be accommodated into different conformations of the binding pocket [12] [13] [14] .
Protein conformational ensembles are frequently used to include protein flexibility in current ligand docking and structure-based virtual screening approaches. It corresponds to our modern understanding that proteins exist in an ensemble of conformational substates [15, 16] .
In fact, extensive experimental and computational knowledge have been acquired [17, 18] demonstrating that the protein conformational population shift scenario is regularly valid for ligand recognition [19, 20] while induced fit is dominating in cases of extremely high ligand concentration [21] . These observations justify the widely used in silico approaches generating protein conformational ensembles prior to docking and allowing to probe small-ligands binding into different protein conformations individually [22, 23] . However, the success of such exercise strongly depends on the quality of sampling. Experimental protein structures determined by X-ray crystallography or NMR can be used as receptor structures for docking or virtual screening (VS) [24,25 ,26-29] . In some cases, available experimental conformations may not be sufficient to represent various ligandable conformations of the binding site for correct prediction of accommodation of new ligands. Further, efficient generation of suitable ensemble of modeled receptor conformations to be used prior to docking is still challenging despite the various modeling techniques that have been employed [30, 31] . Critical reviews on current approaches for generation of receptor conformational ensemble (RCE) have been reported [32, 33] . Usually protein receptor conformations are identified using MD simulations [34] [35] [36] [37] [38] [39] [40] . McCammon and co-workers pioneered the Relaxed Complex Scheme (RCS), which is based on MD simulations to account for protein flexibility prior to ligand docking and VS [41, 42] . Another MD-based approach, Limoc, aims at sampling RCE appropriate for accommodating ligands, which are chemically and structurally diverse and thus unbiased toward a particular class of ligands [43] . Recently we performed successful ligand profiling of drug metabolizing enzymes sulfotransferases by employing docking to RCE generated by MD simulations combined with hierarchical conformational clustering of different binding site conformations [44] .
Another promising approach is to explore collective movements-based conformational changes [45, 46] . Previously, we generated RCE via normal-mode analysis (NMA) and elaborated rules for the selection of several receptor conformations suitable for docking/VS by discarding the extremely altered binding site conformations while retaining diverse binding pockets [47] . Recently Leis and Zacharias studied receptor flexibility using an efficient potential grid representation of the receptor deformed in selected collective movements from NMA in order to consider global structural changes upon ligand binding [48] . In the same line, Abagyan and co-workers reported the original approach LiBERO relying on the use of ligand information for selecting the best performing RCE derived from NMA or Monte Carlo simulations [14] . However, taking into consideration a large number of modeled conformations may lead to less predictive VS results than the best performing crystal or NMR structures due to generation of non-native protein-ligand conformations [13, 14, 33, [49] [50] [51] .
Identifying the best performing RCEs is a complex task because usually frequently occurring protein conformations promote better binding conditions for different ligands while in some cases, rarely occurring protein conformation can be preferred for ligand binding [22] .
Here, we focused on generating RCEs by using fast MD-based and NMA-based techniques combined with conformational pocket classifications. We assessed the performance of MDbased and NMA-based sampling dependent on two different kind of protein flexibility: local binding site flexibility and flexibility related to large collective protein motions. The two proteins studied here, DHFR and CDK2, are typical examples for such different flexibility of their binding sites. The druggability of the generated RCEs for the two proteins was analyzed and the performance of the RCEs was validated by distinguishing known ligands of DHFR and CDK2 among a dataset of diverse chemicals decoys. Several modeled conformations of DHFR and CDK2 were found to perform better than the used X-ray structures. The proposed protocols based on short MD simulations in implicit solvent (compared to other protocols based on long MD [52] ) or based on NMA can be used for fast and efficient generation of RCEs that can be practical for structure-based virtual screening.
Methods

Target preparation
Dihydrofolate reductase (DHFR)
The superposition of 40 X-ray human DHFR structures (the apo structure PDB ID: 1PDB and 39 ligand-bound structures) show that the main-chain conformation of the active site is conserved, and only local conformational changes including side-chain re-orientations upon ligand binding are present (e.g. R28, F31, K68, R70). The methotrexate (MTX)-bound structure PDB ID 1U72 was chosen (X-ray resolution 1.9 Å) for MD simulations and NMA.
The structure 1U72 is very similar to the apo structure 1PDB (X-ray resolution 2.2 Å), the two structures show RMSD between all atoms of 0.58 Å. Different positions have been found for the residues F31 and R70 of the binding pocket. We selected the X-ray structure PDB ID 1U72 because of its best position of the key residue F31 for aromatic interactions (pi-pi or pi-T stacking) with bound ligands. The co-crystalized ligand MTX was removed for MD simulations and NMA.
CDK2
The superposition of 9 X-ray structures of human CDK2 co-crystalized with ligands and two apo X-ray structures (PDB ID: 2jgz and 1w98) (the resolution of these X-ray structures is below 2.9 Å) suggested that 2C6T represents an intermediate structure among several holo and apo structures of CDK2 ((Supplementary Figure S1) , thus, it was appropriate as a starting point for MD simulations and NMA. The co-crystallized inhibitor triazolopyrimidine was removed for MD simulations and NMA.
Although the apo form of a protein is usually used to generate RCE when no ligand-bound conformation is available, it has been observed in our previous [44, 53] and other studies [43] that virtual screening using RCE generated by MD simulations starting from a ligand-bound protein structure outperformed virtual screening to RCE generated by MD simulations on the apo-protein structure. In this work we generated RCE starting the MD simulations or NMA from a protein structure extracted from a ligand-bound structure. Hydrogen atoms were added to the two proteins using CHARMM v. c35b4 [54] following the protonation distribution predicted by the pKa calculations with the PROPKA program [55] .
In order to calculate the pocket volumes of DHFR and CDK2 for the large number of protein conformations used for virtual screening, first we used the Protomol utility implemented in the software Surflex [56] (Version 2.1) to generate the binding pocket. The output file is then used to compute the volume (MSMS package implemented in Chimera [57] . We also analyzed the druggability of the best performing models and X-ray structures by calculating the pocket volume and Drug score using DoGSiteScorer [58] . DoGSite calculates several pockets descriptors and employs support vector machine method to return a score of druggability between 0 and 1 (0 -nondruggable, 1 -druggable).
Molecular dynamics simulations
MD simulations were performed following exactly the same protocol for DHFR and CDK2 using CHARMM v. c35b4 version [54] . We used the all atoms PARAM27 force field [59] with CMAP correction. The solvation was taken into account by the Generalized Born implicit solvent function FACTS [60] . We employed MD simulations with implicit solvent as it has been recently demonstrated its reliability for protein modeling [61] .
Non-bonded interactions were truncated in a cut-off distance of 12 Å with a shift function for electrostatics and a switch function for the van der Waals interactions. The protein structures were initially minimized using 500 steps of steepest descent (SD) algorithm followed by 500 steps of conjugate gradient (CG) algorithm. Distances between heavy atoms and hydrogen atoms were constrained using the SHAKE algorithm [62] allowing a time step of 2 fs. The system was heated during 200 ps to reach 300 K and then equilibrated during 400 ps with a temperature window of 300±10 K. The production time was 4 ns for each MD simulation run.
We have 4 independent trajectories per protein with different initial velocities.
Normal mode analysis
To generate protein structures along single individual normal mode the following procedure was applied for DHFR and CDK2. The hydrogen atoms were first built and the whole complex was energy minimized using the CHARMM program [54] and the force field PARAM27 [59] , using successively SD, CG and Adopted Basis Newton-Raphson (ABNR) algorithms. To avoid important deviations from the crystal structure, harmonic constraints were applied to all atoms with a force constant that was progressively decreased from 250 to 0 kcal.mol -1 .Å -2 during the SD minimization. Then the minimization was continued without constraints until an RMS energy gradient of 10 -5 kcal.mol -1 .Å -2 was reached. The normal modes were computed using the DIMB method [63] , as implemented in CHARMM.
Electrostatic interactions were treated with a 4r-dependent dielectric constant and a short switching function (applied between 6.0 and 8.0 Å) to avoid the shrinkage of the protein. We analyzed the first 34 internal modes (from 7 to 40) since the lower frequency modes are usually the most responsible for important conformational changes [64] [65] [66] .
The atoms of the initial conformation (the minimized X-ray structures of CDK2 and DHFR)
were displaced along the first 34 internal lowest frequency eigenvectors in both directions by increments of 0.2 Å until reaching a mass-weighted root mean square deviation (MRMSD) of 2 Å (or -2 Å) with respect to the initial conformation using the VMOD module of CHARMM.
To distinguish between the two directions of an eigenvector, positive and negative values of MRMSD are used. To obtain energetically relaxed structures for each displacement, short energy minimizations (100 steps of SD with harmonic constraints and followed by CG and ABNR until getting a gradient of 5.10 -1 kcal.mol -1 .Å -2 ) were performed on the sampled structures. This ultimately yielded 714 structures (34x21), 21 per normal mode (in the two directions of an eigenvector) including the initial structure minimized in the same conditions. The procedure used is described in more detail in [67] . For DHFR we additionally considered random linear combinations of 7 modes (combined modes) by varying randomly the amplitude along the normal mode vectors using an in-house CHARMM script. The generated structures were energy minimized as for single mode displacements.
Protein conformational clustering
In order to select representative structures for RCE we have used two non-supervised classification approaches as implemented in the R software [68] . For each protein the RMSD matrix was calculated for all atoms of the binding site and of the cofactor in the case of DHFR. First, we clustered different conformations of the binding sites by applying
Hierarchical Ascendant Classification (Hclust) on the obtained RMSD matrix using the aggregative method Ward as implemented in the R software [68] . Next, the K-means classification algorithm was also employed. K-means clustering aims to partition n observations into k clusters in which each observation belongs to the cluster with the nearest mean. The number of groups was chosen by a consensus of the criteria: visualization of the obtained Hclust trees, the intra-group variance for the K-means procedure, the Dunn index estimating the density and separation of the groups, and the Davies Bouldin index estimating the group dispersion. Finally, we took the centroid structure of each cluster in order to define a representative set of protein conformations for subsequent virtual screening experiments.
Virtual screening Data set preparation
Actives compounds on both DHFR and CDK2 were taken from the DUD data set [69] (version 2010). Only one tautomeric state was considered for each ligand. The selection of the unique tautomers was made using Chemaxon Marvin sketch (version 2010) (www.chemaxon.com) and the option major macrospecies at pH 7.4. The Chembridge DiversityChem (version 2010) was used to prepare the decoy data set starting with 50 000
compounds. All datasets were first filtered for drug-likeness using the software FAFDrugs2 were finally generated in 3D using Frog2 [71] .
Virtual screening experiments
AutoDock Vina program was used to perform flexible ligand docking [72] . All atoms that do not belong to the proteins are removed except for the NADPH cofactor in the active site of DHFR. The protonation states of protein titratable groups were computed using PROPKA program [55] . Gasteiger charges were added to each atom using the AutoDockTools package.
We used grid resolution of 1 Å, number of binding modes of 10 and exhaustiveness of 8. The search spaces have been centered on the binding sites of the proteins with cubic dimensions (26x26x26 Å for CDK2 and 20x20x20 Å for DHFR).
Results & discussion
We used human DHFR and CDK2 to evaluate the performance of the developed RCE generating protocols as model proteins since they are important therapeutic targets and they have been shown to be challenging among other targets when including flexibility via different protein conformations for virtual screening [43, 73] . DHFR is an enzyme, which converts dihydrofolate into tetrahydrofolate and plays an essential role in cell metabolism and Figure 1 shows the computational procedure used to generate and validate the RCEs for DHFR and CDK2. RCEs generated by MD simulations or NMA were assessed based on their performance to distinguish active and diverse decoy compounds by docking using AutoDock Vina [72] and by calculating the enrichment at 1%, 5% and 10% of the screened chemical library (percent of actives recovered). We have chosen AutoDock Vina because of its good performance of binding affinity prediction and speed [80] . In addition Vina is not very sensible to errors in the protonation behavior for various ligands [72] that may occur when one screens a large number of compounds.
Molecular Dynamics Simulations and Receptor Conformational Ensemble for DHFR
We ran four MD simulations (noted as MD1, MD2, MD3 and MD4) for human DHFR with different initial velocities. The calculated root-mean-square deviations (RMSD) of backbone atoms for the entire protein against the average MD structure were < 2 Å for the four trajectories ensuring thus the reliability of the MD simulated DHFR structures. MD2 and MD4 have shown larger fluctuations with RMSD < 2 Å for MD2 and < 1.5 Å for MD4, against RMSD < 1 Å for MD1 and MD3, respectively. We took 4000 snapshots from each MD trajectory of the entire production run (one conformation every 1 ps) for further consideration, in total 16000 MD generated conformations for DHFR. Our analysis focuses mainly on the plasticity of the binding site observed during the MD simulations. The list of 29 protein residues of the binding site is given in Supplementary material. Figure 2A shows the conformational space of the 16000 generated DHFR structures following the structural differences of their binding sites. It is seen that the four MD trajectories take a specific place inside the total binding-site conformational space. Similarly, the four trajectories can be distinguished on the RMSD map (Fig. 2B) .
In order to extract a suitable RCE among the 16000 MD structures for ligand docking/virtual screening with diverse binding-site conformations, we employed two classification strategies based on the matrix of RMSD for all atoms of the binding site and the co-factor NADPH:
Hierarchical Ascendant Classification (Hclust) and K-means clustering. Twenty six structures were finally retained to be probed for virtual screening experiments, 13 centroids obtained from the Hclust classification and 13 centroids obtained from the K-means classification. The resulted RMSD between the centroids was > 0.4 Å for Hclust and > 0.7 Å for K-means.
Virtual screening for RCE generated by MD simulations for DHFR
VS experiments were performed using docking-scoring approach in order to identify the MD conformations of DHFR, which better discriminate known binders from putative decoys. We ran 26 VS for the RCE of DHFR generated by MD simulations. The best results obtained for the MD centroid conformations using the two classification methods and the X-ray structure (PDB ID 1U72) are shown in Table 1 . The structure MD_11281 (from MD3) (Fig.3) obtained by Hclust and K-means achieves better enrichment results than the X-ray structure following the enrichment at 5%. The other conformations do not show better performance than the Xray structure. Overall the centroids obtained by K-means achieve better enrichment results than those obtained using the Hclust classification. Yet, the both classifications found various conformations (except MD_11281) with different pocket volumes and RMSD. Hence running several short MD simulations seems to be a pertinent approach in order to cover larger conformational space of the DHFR active site.
We performed structural analysis of the binding sites of the MD generated conformations and of the X-ray structure ( Table 1 
Normal mode analysis and receptor conformational ensemble for DHFR
We have previously shown that including all atoms in NMA can be critical for a quasiexhaustive simulation of possible changes that may occur in the binding site [47] . Here we analyzed the first 30 modes (from 7 to 36) for DHFR since the lower-frequency modes are usually the most responsible for important conformational changes [64] [65] [66] Following the observation that the best performing MD conformations for DHFR have volumes of the active site similar to the X-ray pocket volume, for the first NMA ensemble we have chosen structures having volumes of the binding pocket within a range of the volume of the X-ray binding pocket structure ± 30%. This resulted in 144 conformations that were used for VS following the same protocol as for the MD generated structures. No conformation was found to retrieve more known ligands of DHFR than the used X-ray structure at 5 % of the screened library (results shown in Supplementary material Table S1 ). In fact, the minimization performed before NMA displaced the key residue F34 preventing thus correct ligand binding in the active site. We should note that NMA may not be the best approach to explore conformational changes of binding sites showing only local conformational changes, e.g. side-chain movements observed in other studies [45] .
In such cases a combination of different modes touching the binding site can be helpful to increase the conformational space generated by NMA. We probed such a strategy to generate additional DHFR conformations. We generated 2000 structures using linear combinations Table 2 . The best NMA structure 1 achieves better enrichment results than the X-ray structure following the enrichment at 5%. Thus, a training process in which protein structures are selected on the basis of their performance to reproduce preferable binding affinities, as in our case of DHFR ligands, or to reproduce experimentally known binding modes [43] can be a useful approach to a rational selection of RCE for virtual screening purposes.
Molecular dynamics simulations and receptor conformational ensemble for CDK2
In order to validate the developed MD and NMA protocols we assessed their performance on 
Virtual screening for RCE generated by MD simulations for CDK2
VS experiments were performed for CDK2 using the same docking-scoring protocol as for DHFR. We ran 20 VS for the MD-generated RCE of CDK2. The best results for the MD centroid conformations obtained by the two classification methods and the X-ray structure ID PDB 2C6T are shown in Table 3 . The two structures MD_6677 and MD_7889 obtained by Kmeans perform equally than the X-ray one at 1% of the ranked library, and better than the Xray one at 5% of the ranked library. The centroid conformations of CDK2 extracted by the Kmeans procedure achieve better enrichment results than those obtained using the Hclust classification. Again, the two classification procedures found diverse conformations with different pocket volumes within a range the X-ray pocket volume ± 30%. These results confirm the appropriateness to run short MD trajectories in parallel in order to increase the conformational space of binding pockets of studied receptor for diverse ligand binding.
Normal mode analysis and receptor conformational ensemble for CDK2
We analyzed the first 34 modes (from 7 to 40) for CDK2 being the lowest-frequency modes.
The atoms of the initial conformation (the minimized X-ray structure of CDK2, 2C6T) were displaced along the first 34 lowest frequency eigenvectors in both directions until reaching a MRMSD of 2Å (or -2Å) with respect to the initial conformation. To distinguish between the two directions of an eigenvector, positive and negative values of MRMSD were used.
Twenty-one conformations were generated per mode, this yielded finally 714 structures. The best performing MD-generated conformations for CDK2 have volumes of the binding site similar to the X-ray one, thus, for the generation of the NMA-based RCE for CDK2 we have chosen structures having volumes of the binding pocket within a range of the volume of the X-ray binding pocket structure ±30%. We thus selected 159 conformations that were used for VS following the same VS protocol as for the MD generated structures. As can be seen in Table 4 the CDK2 structure generated by the mode "35 -1" was the best one modeled by NMA (Fig.4) . Although the enrichment obtained at 1% of the ranked library is better for the X-ray structure than that for the "35 -1" structure, the enrichment at 5% is increased twice.
The CDK2 structure generated by the mode "24 0.8" performed similarly as the X-ray one. It is seen that in the case of CDK2, in contrary to DHFR, a simple NMA protocol combined with pocket-volume-based filtering was sufficient to find two new conformations with diverse binding site conformations yet with similar volumes. Such results can be expected taking into consideration the well-known collective movement of the G-loop covering the ATP-binding site of CDK2 supported by the large number of X-ray structures of CDK2 co-crystallized with different ligands [81] [82] as well as by previous NMA studies performed on CDK2 [47, 83] .
In fact, the ATP-binding site is located at the interface of two subdomains, thus, CDK2
constitutes a very appropriate case to use NMA for RCE generation, permitting to explore domain (subdomain) movements. The best performing CDK2 conformations suggest a movement of the G-loop (I10-V17).
In order to take into account the anharmonic effects arising for relatively large structural changes in NMA, an exploration of the energy surface along a given normal mode direction, or combination of linear modes, is necessary. For both proteins this was achieved by energy minimizations for successive displacements using an umbrella potential targeting a desired location. In our previous studies we have shown the reliability of generated structures by using this approach [47, 67] . However, it is to note that considering only the lower-frequency modes for DHFR, showing only local active site flexibility, was not sufficient to generate active site conformations suitable for ligand docking, the used X-ray structure was better performing. In order to increase the conformational space of the DHFR binding site we used an additional combination of different modes touching the binding site, which resulted in the found NMA_1 conformation better performing than the X-ray one at 5% of the ranked library.
In the case of CDK2, showing collective movement of the G-loop opening and closing the ATP-binding site, simple NMA was sufficient to generate binding site conformations well performing for ligand docking. In perspectives, the newly developed hybrid approach MDeNM (Molecular Dynamics with excited Normal Modes) combining NM and MD simulations [84] may overcome some of the above described limitations. MDeNM is based on kinetic excitation of collective motions described by a set of normal mode vectors within a standard MD simulation, thus coupling efficiently global and local motions.
Druggability assessment of the generated RCE
Previous studies have shown variable observations on correlations between identified protein conformations best performing for virtual screening and druggability of their binding pockets [44, 47, 73, 85] . In fact, various strategies have been used to select the best RCE (by RMSD from starting structure, binding site volume, radius of gyration, cognate ligand size, flexibility descriptors among others), however, no method for selecting the best RCE was found similar to other studies [24] . Here we analyzed the performance of the generated RCE for virtual screening vs the druggability and volume of the binding pockets as computed by DoGSiteScorer [58] for DHFR and CDK2. The obtained results ( 5% of the screened library was achieved here when using conformations with pocket volume between 500 and 800 Å 3 for DHFR and between 650 and 1000 Å 3 for CDK2, respectively.
Further, the calculated Drug score 0.45 was predicted to be sufficient for DHFR and 0.7 for CDK2, respectively, to achieve better enrichment than 15. Following these results, it seems that the correlation between predicted druggability and docking/VS performance is targetdependent. Enrichment result can also depend on the used chemical library. In our study we probed the same diverse decoys for the two proteins while using large datasets of diverse actives for DHFR and CDK2 taken from DUD (see method section).
Recently, we have observed [44] that despite of very high druggability score of some holo Xray structures, the obtained enrichments are not always satisfactory. The druggability score is a useful evaluation but it might be not sufficient for a final selection of the best receptor conformations. Keeping in mind that druggability assessment is target-dependent, additional criteria can be employed when there is available information for known ligands, structural data or biological activities. In this study, such a strategy helped to identify the best conformations of DHFR for virtual screening among the generated RCE by NMA. The position of F34 was critical to identify the most appropriate binding site conformations for docking and virtual screening. In the same line, it has been recently proposed that receptors found by using automatic iteration of the sampling-selection with Ligand-guided Backbone Ensemble Receptor Optimization (the ALiBERO method) are able to better discriminate active ligands from inactives in flexible-ligand VS docking experiments [14] . Thus, knowledge for active/inactive ligands can be very helpful for the selection of the most appropriate ensemble conformations for VS.
Conclusion
We focused on generating RCEs by using fast MD-based and NMA-based simulations Table 3 . Enrichment obtained on the X-ray and five best performing MD structures of CDK2
Tables
for each classification at 1%, 5% and 10% of the screened library. Volume and Drug score values of the binding sites are calculated using DoGSite webserver [58] . 
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Residues of the active site of DHFR.
I7, V8, A9, D21, L22, W24, P25, L27, R28, E30, F31, R32, Y33, F34, Q35, M52, T56, S59, I60, P61, K63, N64, L67, K68, R70, V115, Y121, T136, I138
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Residues of the ATP-binding site of CDK2.
E8, I10, G11, E12, G13, T14, G16, V18, K20, V30, A31, K33, E51, L55, V64, F80, E81, F82, L83, L134, K142, A144, D145, N132 
